Abstract It is well known that soil compaction affects root growth and disrupts the activity of soil microfauna and microorganisms, resulting in yield loss. With the more intensive use of heavy machines in agriculture and forestry, the risk of soil compaction is increasing. In this study, precompression stress (Pc) was chosen as an indicator of the susceptibility of soils to compaction and was calculated using pedotransfer functions (PTFs). PTFs involve eight variables related to the hydraulic and mechanical behaviour of soils: organic matter content, bulk density, air capacity, available water capacity, non-plant available water capacity, saturated hydraulic conductivity, cohesion, and angle of internal friction. Combining these PTFs with geostatistics and Monte Carlo simulations, Pc maps were produced at the regional scale for Wallonia in Belgium, accompanied by uncertainty quantification maps. These maps were then used to produce compaction risk maps based on common scenarios. The results showed that the modal Pc map was coherent with the spatial distribution of the main variables, namely soil texture and organic matter content. The risk maps enabled areas with a compaction risk in both agricultural and forestry contexts to be identified. These maps could be useful in drawing up soil protection measures and policies.
Introduction
The size and weight of agricultural and forestry machines have greatly increased over the past 20 years. This has important consequences for the soils, with increasing evidence of soil compaction in a wide range of pedo-climatic conditions. A reduction in porosity associated with an increase in soil strength leads to restricted root growth and a decrease in microorganism biodiversity (Hakansson and Reeder 1994; Hamza and Anderson 2005; Greacen and Sands 1980; Goutal 2012) . Soil compaction also has negative environmental effects (Jones et al. 2003) . The risk of soil erosion increases with the presence of excess water above compacted layers (Jarvis 2007; Hoefer 2010) . The loss of soil permeability increases the risk of flooding. The movement of pollutants such as nitrates and pesticides toward the surface or the ground water also increases. The mobility of soil elements is altered and a change in nitrogen and carbon cycles can occur, resulting in higher emissions of greenhouse gases under wet conditions (Nawaz et al. 2013) .
Given the significance of these negative effects, the EU Commission cited soil compaction as a major threat in its Soil Framework Directive (COM 2006) . In Wallonia in Belgium, the public authorities decided to quantify and spatialize the phenomenon to produce adequate recommendations for soil quality conservation. To avoid costly sampling campaigns and to produce the results in the shortest possible time, the study had to rely exclusively on existing datasets. Precompression stress (Pc) was chosen as an indicator of the susceptibility of soils to compaction and was calculated using pedotransfer functions (PTFs) based on pedological (texture, organic content), mechanical (bulk density, cohesion, internal friction angle) and hydraulic variables (available water content, non-available water content, air capacity, saturated hydraulic conductivity). The computation of Pc was based on data with different spatial structures: in some cases, the data were abundant (e.g. texture data), whereas in others they were sparse (e.g. cohesion), but their statistical distribution was known. The challenge involved developing a model that combined the data with heterogeneous spatial abundance and took into account the corresponding uncertainties.
This paper opens with a discussion of the available databases and explains the principle behind the generation of Pc maps. It then describes the simulation of the variables successively obtained using geostatistics and the Monte Carlo approach. The results focus on the uncertainty quantification of the Pc maps and the evaluation of risk in various scenarios where soil compaction is likely to occur. The paper ends with comments and perspectives on the future development of the model.
Methods

General Framework
The susceptibility of soils to compaction is usually expressed as the risk of exceeding a certain level of stress known as precompression stress (Pc). Horn and Fleige (2003) proposed using pedotransfer functions (PTFs) to evaluate Pc at a depth of 40 cm. They defined multiple regression equations for five textural groups based on the German soil texture classification (Table 1) . They also proposed grouping Pc values into six levels (Table 2) , where the lowest level corresponded to soils with highest susceptibility to compaction and vice versa. As Pc also depends on the moisture content of soils, Horn and Fleige (2003) computed the PTFs for two water potentials: pF 1.8 (h = −63 cm or −6.2 kPa) and 2.5 (h = −316 cm or −31 kPa). For the sake of conciseness, we focus here only on the results at pF 1.8. In these PTFs, there are eight parameters relating to the hydraulic and mechanical behaviour of soils: organic matter content (X6), bulk density (X1), air capacity (X2), available (X3) and non-plant available (X4) water capacity, saturated hydraulic conductivity (X5); cohesion (X7), and internal friction angle (X8). Figure 1 shows how these variables were computed from the databases.
Data Sources
There were five main data sources used in this study.
• The Aardewerk database (Van Orshoven et al. 1988 ) contained data on the organic carbon content (OCC) and texture fractions (% sand, silt and clay) of more than In green, the databases; in blue, the references for the equations. Variables with number X1-X8 are the input variables for the PTFs of Horn and Fleige (2003) 5000 soil profiles throughout the Walloon region. These data were used to compute bulk density (X1) using the PTFs described by Hollis et al. (2012) , organic matter content using the PTF described by Nelson and Sommers (1996) and texture classes used to select hydraulic and mechanical parameter values, as well as in the choice of the PTFs of Horn and Fleige (2003) .
• The HYPRES database (Wösten 2000) yielded values for the hydraulic parameters X2 to X6 for the five soil classes described by the Food and Agriculture Organization of the United Nations (FAO). It contains the means and variances for water content at four pF values (0 (saturation), 1.8, 2.5 and 4.2 (permanent wilting point)) for the five FAO soil texture classes, thus defining a Gaussian distribution. The database also gives five quantiles for the hydraulic conductivity of each of the five FAO soil texture classes, thus defining an experimental cumulative distribution function.
• The Horn and Fleige (2003, Table 2 , p. 91) gave the appropriate values for cohesion (X7) and the internal friction angle (X8) based on German soil classification.
• Land-use classes required by the PTFs of Hollis et al. (2012) to compute bulk density were given in the Walloon land-use map (COSW 2013).
• The soil texture class map was a layer extracted from the digital soil map of Wallonia (CNSW 2013).
Generation of Pc Maps
As one goal of this study is to produce exhaustive maps of Pc at the regional scale, two strategies may be implemented. In the first one, the PTFs of Horn and Fleige (2003) are applied at each data location and Pc is then interpolated over a regular grid covering the Walloon region. As an alternative, in a first stage, the input variables are interpolated and, in a second stage, the PTFs are computed at every grid node. As advised by Heuvelink and Pebesma (1999) , the second strategy is favoured since it allows to better take advantage of the spatial structure of the variables. The resolution of the regular grid set up for drawing the maps is 100 m in both the North-South and East-West directions. As it is required to draw a map of the average Pc values, to quantify the uncertainty on this estimation and to compute exceedance risk maps, geostatistical and Monte Carlo simulation methods were used.
Simulation of Soil Texture and Organic Matter-Related Parameters Using Geostatistics
As seen from the above discussion and from Fig. 1 , soil texture fractions and soil texture classes were important parameters at each step of the process. They were needed for using the Hollis et al. (2012) PTFs to compute bulk density and for choosing the appropriate (Horn and Fleige 2003) PTF and the correct distributions for the hydraulic and mechanical parameters. This section looks at how those parameters were obtained.
Texture Fractions
Texture fractions (i.e. sand, silt and clay percentages) were simulated independently by sequential Gaussian simulation (SGS) (Goovaerts 1997) , using the texture fraction measures in the Aardewerk database as conditioning data. The local mean of the raw values was first removed using a moving window average method, with a 10 km circular window. The residuals were then transformed to obtain a Gaussian distribution using a normal score transform (Goovaerts 1997) . The experimental variograms for sand, silt and clay were computed on the transformed residuals and fitted with a model with a nugget effect of 0.56, 0.66 and 0.68, respectively, and an exponential structure with a range of 5000 m and a sill of 0.36, 0.32 and 0.32, respectively. A hundred maps of texture fraction residuals were simulated by SGS. The simulated values were then backtransformed and the regional trends were added. To adhere strictly to the sum constraint (100 %), the simulated values for the three fractions were finally renormalized at each grid node. Variables submitted to a constant sum constraint are called compositional data (Aitchison 1986 (Aitchison , 1997 . In the literature, various methods have been proposed to simulate them geostatistically (Pawlowsky et al. 1995; Walvoort and De Gruijter 2001) . D'Or et al. (2001) and D'Or (2003) , however, showed that there is no significant difference between specific methods for compositional data and independent SGS.
Even where a variogram of residuals might be biased, thus inducing biased simulation results, these biases are assumed to be negligible in this situation because they tend to zero when the number of independent data increases. The high amount of available data (more than 5000) and the relatively short ranges of the variograms support this assumption. In addition, Cressie (1993) noted that the bias is small at lags near the origin. As those lags correspond to data receiving a greater weight in the estimation, the effect of this bias on Kriging estimates is thought to be small.
Texture Map
As discussed below, various texture classifications had to be used in this study: the FAO classification, to assign the correct hydraulic parameter values; the German classification, to assign the correct mechanical parameter values and select the Horn and Fleige (2003) PTF; and the Belgian classification, as the main data source.
It was, therefore, necessary to be able to convert the Belgian soil classes into the FAO and German ones. This was done by superimposing the texture triangles, as shown in Fig. 2 . To better match the boundaries of the soil profiles, the boundary between classes L and ALA1/ALA2 in the German triangle was modified to match the boundary between classes A/L and E in the Belgian triangle. A similar problem occurred in the FAO classification between classes M and MF, but as very few Aardewerk data points were located in the affected area, the correction was not implemented.
An additional problem was that the Belgian classification uses a G symbol for stony silty soils with more than 5 % of stones, but this was not represented in the texture triangle. As almost 45 % of Wallonia's soils are in this class, it was necessary to convert it into a class that appeared in the texture triangle. It was, therefore, decided to classify the simulated texture fractions (see Sect. 2.4.1) according to the Belgian texture triangle in the corresponding regions. Elsewhere, the texture class on the digital soil map of Wallonia was retained.
The conversion between the three classifications followed the conversion rules shown in Table 3 . When more than one FAO or German class corresponded to a given Belgian class, the texture fractions simulated at Sect. 2.4.1 were used to determine the most frequent class among the 100 maps in the target classification. The resulting texture maps are shown in Fig. 3 . Note that it was decided to ignore the uncertainty about the soil texture classes at this stage. Thus, unique texture maps were used throughout the process. This aspect could be improved in future developments of the methodology. 
Simulation of the Organic Carbon and Organic Matter Content
As OCC is required to compute bulk density (X1) and organic matter content (X6) by applying the PTFs of Hollis et al. (2012) and Nelson and Sommers (1996) , respectively, OCC maps were simulated using the same approach as that used for simulating the texture fractions. The experimental variogram was computed on the transformed residuals and fitted with a model with a nugget effect of 0.65 and an exponential structure with a sill of 0.38 and a range of 3050 m. A hundred maps of OCC residuals were simulated by SGS. The simulated values were then backtransformed and the regional trend added to obtain the final OCC simulated values. The resulting map is shown in Fig. 4 . As recommended by Nelson and Sommers (1996) , OCC-simulated values were then simply multiplied by 1.724 to obtain the organic matter content.
Simulation of Bulk Density
To compute bulk density, the Hollis et al. (2012) PTFs required knowledge of the land use to choose the appropriate PTF. This information was obtained from the Walloon land use map (COSW 2013) . The PTFs also required information on the sand and clay fractions and the OCC, which was obtained from the simulated maps described in Sects. 2.4.1 and 2.4.3.
Simulation of the Hydraulic and Mechanical Input Parameters Using the Monte Carlo Approach
Simulation of the Hydraulic Parameters
For the hydraulic parameters (X2-X4), mean values and variances are available for the five FAO soil classes in the HYPRES database (Wösten 2000) , thus defining the Gaussian distributions. A Monte Carlo simulation process was set up, involving six steps: obtain the water content at saturation θ sat (pF = 0), at field capacity θ cap (pF = 1.8) and at permanent wilting point θ wp (pF = 4.2). 3. If necessary, a correction was applied to respect the minimum and maximum values specified in the HYPRES database by resetting the values out of the bounds to the nearest bound.
4. Variables X2-X4 were then computed by
5. The values computed in step 4 were assigned to the grid nodes sharing the same FAO soil class. 6. Steps 1 to 5 were then repeated 100 times, generating 100 maps for the hydraulic parameters.
A similar procedure was used for simulating the saturated hydraulic conductivity (X5). The empirical distributions contained in the HYPRES database for this variable were used to draw the values in step 2. The resulting values were in cm/day units and were transformed using
to match the units in 0.001 cm/sec required by Horn and Fleige (2003) .
Simulation of the Mechanical Parameters
The minimum and maximum values for parameters X7 and X8 are given in Horn and Fleige (2003) . For each of the 100 realizations, the same procedure as described in Sect. 2.5.1 was used. In step 2, as no additional information about the distribution of the values was available, a uniform distribution with the given minimum and maximum as bounds was considered.
Results
The main goal of the study was to determine the susceptibility of soils to compaction. This was assessed using Pc maps (Sect. 3.1). For public authorities, this would facilitate delineating areas where the compaction risk is high in certain scenarios to promote soil-friendly farming and forestry practices. This is discussed in Sect. 3.2.
Pc Maps and Uncertainty Quantification
Horn and Fleige (2003) classified Pc values into six groups (Table 2) . A map of the modal Pc group at each grid node at pF 1.8 was computed from the 100 maps of the simulation process (Fig. 5, top) . The lower the Pc value, the higher is the susceptibility of the soil to compaction. This map also reflected the underlying soil texture classification and organic matter content, showing higher susceptibility for silty soils (Belgian texture classes L and A), especially when the organic matter content was high. It is worth noting that the computed values are representative of average situations and cannot be interpolated at the plot level. To account for site-specific variation, it would be necessary to integrate the effect on Pc of soil tillage systems (i.e. Table 2 ) and of the corresponding uncertainty (bottom) conventional or conservation tillage), cultivation history (i.e. existence of old meadow) and stress history (i.e. over-consolidated zones due to repeated passage of machines) (Hanquet et al. 2004; D'Or and Destain 2014) . In addition to the Pc modal map, a map of the associated uncertainty was computed. The classification error probability (CEP) was chosen as the uncertainty measure (Fig. 5, bottom) and was computed as CEP = 1 − P m , where P m is the probability of the modal class, computed as the frequency of occurrence of this class at a given grid node out of the set of 100 maps. The Gaume area (southern most region of Wallonia) showed the largest classification error probability. As the susceptibility of soils to compaction is rather high in this area (low Pc values), the error usually overestimated the compaction risk. This shows the importance of using Pc modal and classification error maps together to interpret a local situation and determine appropriate soil protection policies.
Risk Maps
The risk of soil compaction was then quantified for various scenarios related to the use of agricultural and forestry machines. From the weight and tire characteristics of the machine, the vertical stress σ z applied to the soil at 0.40 m depth was computed using the Terramino ® model (Stettler et al. 2010) . If σ z > Pc, the soil would be compacted by the machine. Using the 100 simulation maps of Pc values, the risk of soil compaction was computed as the probability that σ z > Pc at a given grid node by
where I k is an indicator variable: I k = 1 if σ z > Pc; I k = 0 else. There were two scenarios here: (i) agricultural tires on a harvesting machine, with a load of 6300 kg at 1.2 bar; (ii) forest tires on a grapple skidder, with a load of 4625 kg at 4.0 bars. The results are shown in Fig. 6 . On each map, the risk values are shown only where applicable, that is on agricultural (respectively forest) land for scenario 1 (respectively, scenario 2). To facilitate the interpretation of the maps and the identification of areas needing attention, raw risk values were classified into three groups: low risk (R ≤ 10 %), intermediate risk (10 % < R ≤ 90 %) and high risk (R > 90 %).
The risk for the agricultural scenario (Fig. 6, top) was mostly intermediate, implying that the susceptibility of the soils to compaction should be evaluated locally, taking into account such parameters as wetness, soil texture and organic matter content. For the forest scenario (Fig. 6, bottom) , central Arden was clearly identified as a region at risk where soil protection measures should be encouraged. Computing the risk on the basis of alternative scenarios using other machines could be a solution. Overall, high risk areas should be protected by preventing the machine concerned being used there. In intermediate risk areas, the use of the machine concerned could be allowed if certain precautions are taken (e.g. not working in wet conditions, trying to use always the same access path). Defining good practice guidelines appears to be essential to communicate information about both the risks and the solutions simultaneously.
Conclusions
Assessing the susceptibility of soils to compaction is difficult to achieve at a regional scale because of the number of parameters involved. Measuring these parameters properly would be prohibitive in terms of time and cost. Modelling appears to be a viable solution.
Using available databases and a well-established set of PTFs for computing Pc, this study developed a model for this purpose. Pc maps at a regional scale were produced by combining geostatistical and Monte Carlo simulations and were coherent with the main driving variables, namely soil texture and organic matter content. These maps would be useful for identifying areas that are particularly susceptible to soil compaction. A measure of uncertainty in the prediction was also discussed in terms of the probability of misclassification. Interpreting the Pc maps within the context, this uncertainty information enables decisions and policies to be adapted to suit local conditions.
The study also investigated machine usage in agricultural and forestry scenarios. Soil compaction risk maps were computed to show where loads applied by machines exceeded the Pc value, thus inducing an irreversible soil compaction. The maps helped delineate areas at risk. Given these results, it is suggested that this model could be used as a decision tool for policy makers to protect soils against long-term damage. It is a very flexible model, with the capacity to incorporate new data or knowledge related to the relationships between variables (new PTFs or quantified correlations).
